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Early Life Health and Adult Earnings: 
Evidence from a Large Sample of Siblings and Twins 
 
We study the relationship between early life health and adult earnings using a unique dataset 
that covers almost the entire population of Swedish males born between 1950 and 1970. The 
health information is obtained from medical examinations during the mandatory military 
enlistment tests at age 18, which we have further linked to register data on adult earnings. 
We find that most types of major diagnoses have long-run effects on future earnings with the 
largest effects resulting from mental conditions. Including sibling fixed effects or twin-pair 
fixed effects reduces the magnitudes of the estimates, although remaining substantial. 
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An adult's success on the labor market is to a large extent already determined during his 
childhood. This is suggested by a growing literature that links childhood health to various 
adult outcomes, such as education and earnings (e.g. Currie and Hyson 1999; Currie et al. 
2010; Smith 2009). Since children with poor health are disproportionally to be found in 
families of low socioeconomic status, this implies that health during childhood may be an 
important factor in understanding how socioeconomic status is transmitted across generations. 
In order to design policies that prevent disadvantaged children from falling behind, and thus 
increase intergenerational mobility, more evidence on the impact of poor childhood health on 
adult outcomes is clearly needed, however. 
In this paper, we study the relationship between early life health and adult earnings 
using a unique dataset that covers almost the entire population of Swedish males born 
between 1950 and 1970. The dataset includes information on health status obtained from a 
medical examination at the age of 18, conducted during the mandatory military enlistment test 
procedure in Sweden. In addition, the data includes cognitive and noncognitive test scores 
from the military enlistment records as was well as register-based data on adult earnings, 
occupation, educational attainment, family links, parental educational attainment, and parental 
earnings. 
Our data gives us a number of advantages. First, it is based on obligatory assessments of 
the individual’s health conducted by physicians. As a result, measurement errors originating 
from differences in health-seeking behaviors, justification bias or differences in expectations, 
which are typically present in sources like hospital and insurance records, sickness absence 
records or standard self-reports, are less of an issue. Moreover, the data contains a large 
number of different diagnoses, reflecting both mental and physical problems. 3 
 
Second, as military enlistment was mandatory during the study period, our data covers 
more or less the entire population of males. This gives our results an unusually high degree of 
representativeness. The unusually large sample size also allows us to consider the impact of 
diagnoses that are somewhat rarer and thus hard to estimate in smaller samples. 
Third, while previous research on the relationship between early health and adult labor 
market outcomes has mostly used measures of very early health, such as birth weight, few 
studies have considered the importance of health status after birth. At birth, many diseases 
have not yet developed, or may be difficult to measure. It is thus somewhat unclear to what 
extent birth weight and similar indicators of infant health are reasonable proxies of overall 
health status or wage earning capacity early in life. 
Fourth, our data allow us to compare outcomes and health between almost 275,000 
sibling brothers. This is important, since various unobserved family-specific factors may 
affect both earnings and health, creating a spurious relationship between the two. By 
including sibling fixed effects, we are able control for such unobserved factors at the family 
level. In addition, we are able to identify a relatively large sample of monozygotic twins in 
our data. This allows us the further difference out the influence of unobserved endowments, 
such as genes. We are unaware of any previous study estimating the effect of childhood health 
after birth using data on monozygotic twins.  
Fifth and finally, our data includes cognitive and noncognitive test scores. We are thus 
able to control for ability differences between siblings, while evaluating the impact of 
childhood health. Without such controls, one risks confounding the effect of health with that 
of ability, since some previous studies, such as Case and Paxson (2008) and Lundborg et al. 
(2010), show that the returns to height, when treated as an indicator of childhood health, is 
substantially reduced when accounting for cognitive skills.  4 
 
As it turns out, our results suggest a strong relationship between health at age 18 and 
adult earnings both with and without sibling fixed effects, although the estimates are in 
virtually all cases reduced with the introduction of the fixed effects. In particular, having a 
mental condition or a condition of the nervous system at age 18 gives rise to an earnings 
penalty of about 20 percent when sibling fixed effects are included. For both these types of 
conditions, the estimates drop to about 10 percent when controls for cognitive and 
noncognitive ability are added. This may be viewed as a lower bound, however, as both 
cognitive and noncognitive ability may be partly determined by early life health status. 
The rest of the paper is organized as follows. Section 2 provides a background 
discussion and reviews some relevant literature. In section 3 we introduce the empirical model 
and describe the data, the construction of the variables, and the sample restrictions. Section 4 
presents the results, whereas section 5 provides some concluding remarks. 
 
2. Background 
Medical scientists have traditionally assumed a causal relationship from socioeconomic status 
to health. A growing body of research in both medicine and economics instead points to 
relations in the opposite direction. In particular, evidence is accumulating on the importance 
of health early in life for a range of different outcomes. This literature has mostly considered 
measures of very early life health. For instance, a number of studies in the economics 
literature have shown the importance of birth weight for outcomes such as education and 
earnings (e.g. Behrman and Rosenzweig, 2004; Black et al., 2007; Currie and Hyson, 1999; 
Royer 2009). 
Recently, a few studies have made use of other measures of childhood health. Using 
data from the 1958 British cohort study, Case et al. (2005) showed that adults who had 5 
 
suffered from chronic conditions during childhood had lower educational attainment, wages, 
and employment probabilities compared to other adults.  
Smith (2009) used a retrospective measure of self-assessed health at age 16 from the 
Panel Study of Income Dynamics (PSID) and contrasted outcomes between siblings. The 
results suggested that poor self-reported health at age 16 had a significant and negative 
relation with later earnings. In fact, the sibling fixed effects estimates came out larger than the 
corresponding OLS estimates, which may possibly be explained by the fact that family-
specific measurement errors got differences out in the fixed effects models. 
In Currie et al. (2010), data from public health insurance records for 50,000 children 
born in the Canadian province of Manitoba was used to estimate the relation between 
childhood health and later outcomes. The results suggested significant and negative effects of 
both physical and mental health on various later outcomes, such as school grades and the 
probability of receiving social assistance, in models with sibling fixed effects.
1 
  Salm and Schunk (2011) consider the effect of childhood health on cognitive and verbal 
development at age six in a sample of German children. Using sibling fixed effects models, 
their results suggest that at least mental health problems can account for a substantial fraction 
of the variation in cognitive and verbal test scores. These results are important, because they 




1 In addition to these studies using individual-level measures of health status early in life, research has 
considered the long-run effects of health shocks affecting certain cohorts or geographical populations. For 
example, Almond (2006) finds that individuals who in utero were exposed to the 1918 influenza panepidemic 
displayed increased rates of physical disability, lower educational attainment, lower socioeconomic status in 
terms of occupational choice, and lower earnings. 6 
 
3. Data and method 
3.1 Data 
Our dataset is based on two main sources that have been linked together. First, information on 
individuals' health status, cognitive ability and noncognitive ability has been obtained from 
military enlistment records from 1969-1997. These are provided by the Swedish National 
Service Administration (“Pliktverket”). Second, information on educational attainment, 
occupation and earnings is provided by Statistics Sweden (“Statistiska centralbyrån”). Most 
individuals can be linked to their parents, which enables us to control for environmental 
effects at the family level both using parental characteristics and using sibling fixed effects.  
At the time under study, the Swedish military enlistment test was mandatory for men, 
with exemptions only granted for individuals with severe physical or mental handicaps, 
prisoners, and individuals living abroad. Individuals usually took the test at the age of 18 or 
19. The military enlistment records include up to six medical conditions for every individual, 
using the ICD-8 classification. There is also a unidimensional global health measure, which is 
based on the severeness of the individual's health conditions (both physical and mental) and is 
used to determine his suitability with respect to type of military service.  
It is an advantage of our data that health is determined based on obligatory assessments 
conducted by a physician. While these assessments by necessity partly rest on self-reports, 
measurement errors for example originating from differences in health-seeking behaviors or 
in health awareness, which may be present in sources like hospital and insurance records or 
standard self-evaluations, are less of an issue. The main disadvantage is that conditions that 
are too mild to affect the individual’s suitability for military service may not have been 
recorded.  
The global health measure included in our data is expressed with letters from A to M 
(except “I”), or “U”, “Y”, or “Z”. The closer to the start of the alphabet the letter assigned to 7 
 
the individual is, the better his general health status is considered to be. “A” thus represents 
more or less perfect health, which is necessary for “high mobility positions” (for example 
jäger and pilot) and has been assigned to about two-thirds of all individuals for which there is 
non-missing data. For combat positions, individuals must have been assigned at least a “D”; 
individuals with a “G” or lower are only allowed to function in “shielded positions” 
(including for example meteorology and shoe repairing). Individuals assigned a “Y” or “Z” 
(in total 8 %) are not allowed to undergo education within the military.
2 “U” indicates that 
global health status has not been decided, and we treat this as missing. The global health 
measure to be used in our analysis is created by transforming “A” into 0, “B” into 1 etc., “Y” 
into 12 and “Z” into 13.  
We use 14 broad classes of health conditions, which generally follow the main classes 
provided by the ICD-8 categorization (WHO, 1967). These 14 groups of health conditions 
cover more than 98 percent of all health problems reported in our “full sample” (as defined 
below). In creating these classes of health diagnoses, we deviate from the ICD-8 classification 
only in two respects. First, instead of “circulatory conditions” we have included one category 
of heart conditions
3 and one category of “other circulatory conditions”.
4 Second, we found it 
natural to split the category of “conditions of the nervous system and sensory organs” into one 
category of conditions of the nervous system
5 and one category of conditions of the sensory 
organs
6. This leaves us with the following classes of health conditions: tumors, endocrine 
                                                            
2 However, individuals assigned a “Y” may be required to undergo non-military education. 
3 ICD-8: 393-429. 
4 ICD-8: 430-458. This includes cerebrovascular diseases, diseases of arteries, arterioles and capillaries, diseases 
of veins and lymphatics and other diseases of the circulatory system. 
5 ICD-8: 320-358. 
6 ICD-8: 360-389. 8 
 
conditions, mental conditions, conditions of the nervous system, conditions of the sensory 
organs, heart conditions, other circulatory conditions, respiratory conditions, digestive 
conditions, genito-urinary conditions, skin conditions, musculoskeletal conditions, congenital 
anomalies and injuries and poisonings. 
In addition to these broad classes of health problems, we analyze a number of specific 
conditions. These include diabetes (an endocrine condition), neurosis, personality disorder 
and alcoholism and drug dependence (mental conditions), epilepsy and migraine (conditions 
of the nervous system), asthma and hay fever (respiratory conditions) and vertebrogenic pain 
syndrome (a musculoskeletal condition). Previous literature has documented relations 
between all these diagnoses and adverse labor market outcomes, however in most cases only 
simultaneous relationships using sources like sickness absence records or standard self-
reports.
7 Asthma and mental problems have received particular interest in the recent early 
health literature (e.g. Currie et al., 2010; Salm and Schunk, 2011). 
For the study period, cognitive ability was measured using four subtests (logical, verbal, 
spatial, and technical), each of which is graded on a scale between 0 and 40. We transform 
these test scores to a single variable as follows. First, test scores are normalized by birth year 
using all individuals for which there are non-missing test scores on the subtest in question.
 8 
For every individual, we then calculate the average of his non-missing normalized test scores. 
Finally, this variable is normalized using all individuals in the dataset. 
Noncognitive ability is measured on a scale between 1 and 9, which approximates a 
normal distribution. The assignment of this number is done by a psychologist, based on a 
semi-structured interview lasting for about 25 minutes. The objective of this interview is to 
                                                            
7 See, for example, Ng et al., (2001), Ettner et al. (1997), Ettner et al. (2011), Chatterji et al. (2007), Famulari 
(1992), Ferrari (1998), Krahn et al. (1996), Malone et al. (1997), and Fanning (1981). 
8 We treat zeros as missing since individuals should get at least a few points by pure chance. 9 
 
determine the individual’s ability to cope with the psychological requirements of the military, 
and in particular this implies an assessment of personal characteristics such as willingness to 
assume responsibility, independence, outgoing character, persistence, emotional stability and 
power of initiative (Lindqvist and Vestman, 2009). In addition, an important objective of the 
interview is to identify individuals who are considered particularly unsuited for military 
service, which includes individuals with antisocial personality disorders, individuals with 
difficulty accepting authority, individuals with difficulties adjusting to new environments and 
individuals with violent and aggressive behavior (Andersson and Carlstedt, 2003; Lindqvist 
and Vestman, 2009). It is thus by definition true that this variable is endogenous at least to 
some mental conditions. For our empirical analysis, we proceed similarly as for cognitive 
ability and standardize the noncognitive ability variable by birth year using all individuals 
with non-missing data on this variable. Lindqvist and Vestman (2009) have previously shown 
that both our cognitive and noncognitive measures strongly predict adult earnings in the 
population of Swedish males. 
We use data on individuals’ own educational attainment, occupational choice and 
annual earnings from 2003. The latter refers to income from work and self-employed income. 
Educational attainment is expressed in terms of the highest degree attained. Our measure of 
years of schooling is assigned based on the standard number of years of schooling associated 
with this degree.  We choose to standardize this variable in order to make it comparable with 
cognitive and noncognitive ability. There is also information on parents’ earnings and 
educational attainment, where the former is measured in 1980 and the latter in 1999. 
Occupation is categorized into 115 different groups according to SSYK (Standard for 
Swedish Occupational Classification), a three digit occupational classification code similar to 
the international classification (ISCO). These indicators are then entered as fixed effects in 10 
 
(some of) the regressions. Doing this we can examine whether poor health affects earnings 
though occupational choice.  
 
3.2 Sample constructions 
The oldest cohort available is born in 1950. At the younger end, we choose to only include 
individuals born up until 1970. This is for two reasons. First, younger individuals may not 
have finished their education as of 2003 or may be temporarily employed in jobs that do not 
fully correspond to their productivity level. Second, beginning in 1989, health conditions 
were reported by the National Service Administration using the ICD-9 instead of the ICD-8 
classification. Since ICD-8 and ICD-9 codes are not completely comparable, it would thus 
make our results somewhat less straightforward to interpret had we included later born 
individuals. 
  In order to avoid selection issues, we exclude the small number of women volunteering 
for the military. Similarly, we only include native Swedes, that is, individuals born in Sweden 
to Swedish-born parents. This is to sort out non-Swedish citizens, who are not obliged to 
undergo military service in Sweden and, in addition, avoid issues of ethnic discrimination. 
Our sources provide us with a population of 951,017 native Swedish males born 
between 1950 and 1970. We construct our “full sample” as follows. First, excluding 
individuals who have not undergone the military enlistment procedure or for other reasons 
lack data on (global) health status (18.6 %), our sample includes 774,529 individuals. Second, 
individuals not reported to have positive annual earnings in 2003 are excluded, giving us a 
sample of 710,018 individuals.  
In addition to this “full sample”, we make use of a sibling subsample. This subsample 
includes 273,296 individuals. Applying sibling fixed effects on these individuals allows us to 
control for unobserved characteristics at the family level. 11 
 
Furthermore, in an attempt to even more fully account for unobserved characteristics, 
we have also obtained data on twins and their zygosity from the Swedish Twin Registry
9 
(“Svenska tvillingregistret”) and applied twin-fixed effects. This data on twins includes 6,867 
individuals born between 1950 and 1970, of which 2,316 are monozygotic (MZ), 3,185 are 
dizygotic (DZ) and 1,366 are of unknown zygosity. In particular, MZ twins are of interest 
because these share the same DNA, allowing us to control for genetic factors. 
Some individuals have missing values on years of schooling, cognitive ability, 
noncognitive ability or parental characteristics. In our OLS regressions, we used sample 
averages and created a binary variable taking on the value one when there is missing 
information on a variable. Similarly, for our sibling or twin-fixed effects estimates, we make 
within-family differences equal zero by setting the missing values equal to family averages 
and add a binary variable indicating the presence of missing data. 
Descriptive statistics for our full sample and for our siblings subsample is shown in 
Table 1 and 2. Regarding health, it can be seen that about 50 percent of all individuals are 
diagnosed with some condition in both samples. Musculoskeletal conditions and conditions of 
the sensory organs are the largest groups, followed by respiratory conditions.  
 
3.3. Empirical method 
For the full sample, we run regressions of the following form: 
 
1)  Log Earningsi = a + b*Hi + c*Xi + d*Fi + ei, 
 
                                                            
9 Detailed information on the Swedish Twin Registry can be found in Lichtenstein et al. (2006).  12 
 
where i is index for individual. H is either a scalar representing global health, a vector of the 
different classes of health conditions (including an indicator for “other classes”), or a vector 
of the specific conditions that we analyze (including an indicator for “all other”). X is a vector 
of individual characteristics and F is a vector of parental characteristics. As ability and other 
productivity-related characteristics to some extent are expected to be determined by health 
status, it is not fully clear what to control for, given our interest in the causal effects of health. 
We therefore run a number of models including different sets of control variables. Given that 
poor health partially determines other individual characteristics and that no other confounding 
mechanisms are at play, estimates in models without controls for individual characteristics 
can be seen as upper bounds whereas estimates including such controls can be seen as lower 
bounds of the effects of health at the age of 18, on earnings later in life. 
  In addition to Equation 1, we run sibling (or twin) fixed effects regressions of the 
following form: 
 
2)  Log Earningsij = a + b*Hij + c*Xij + d*fi + eij. 
 
In this equation, fj represents sibling fixed effects capturing characteristics that are common to 
the brothers and affect earnings capacity. Again, X is a vector of individual characteristics. 
The identification of b relies upon within-siblings variation in health variables. 
 
4. Results 
4.1 Global health – the full sample 
As can be seen in Model A in Table 3, global health status at the age of 18 is a strong 
predictor of adult earnings. According to the estimate, an increase in bad health of ten steps, 
which corresponds to the difference between “perfect” health and a health status just slightly 13 
 
better health than required for military service, implies a 25 percent decrease in earnings. 
Given conventional OLS estimates of the returns to schooling, this is an effect equivalent of 
about 3-5 years of education. As no controls have been included, however, this estimate may 
be viewed as an upper bound. 
Controlling for parental characteristics (i.e. father’s earnings, father’s years of 
schooling, and mother’s years of schooling) leaves the health penalty almost unchanged at 23 
percent (Model B). Having a cognitive or noncognitive ability level one standard deviation 
above the mean is associated with having about 10 percent higher earnings, and the inclusion 
of these have strong effects on the health penalty. Controlling for cognitive ability reduces the 
coefficient on global health by a fourth, and adding the control for noncognitive ability further 
reduces the coefficient by a half to a possible lower bound of 8.7 percent.  
While schooling is strongly related to earnings, the inclusion of this variable has a rather 
small effect on the health penalty, as can be seen when comparing Model F to Model B. This 
means that there is little evidence in our data of schooling as an important mediator of the 
health-earnings relationship. In addition, the inclusion of schooling eliminates the previously 
significant impact of parents’ educational attainment. 
Model G and H include occupation-fixed effects. Without the controls for parental 
characteristics, ability or educational attainment, an increase in bad health of ten steps 
corresponds to 15 percent lower earnings within the same occupation. With controls for all 
variables (parental characteristics, cognitive skill, noncognitive skill, years of schooling, and 
occupation), the health penalty within a given occupation reduces by a half to 7.5 percent, 
which is not much smaller than the coefficient obtained with full controls for ability and no 
occupation-specific effects. Our findings suggest that individuals in poor health are sorted 
into less well paid jobs, but that neither this nor lower educational attainment of individuals in 
poor health is the major explanation for the negative relationship between health and earnings. 14 
 
 
4.2 Global health – the siblings subsample 
In order to fully control for unobserved family-level characteristics, we now restrict attention 
to the 273,296 brothers in the sample. We estimate models with the same individual-specific 
controls as for our full sample, enabling comparison with our previous results. The results are 
displayed in Table 4. 
In the first specification (Model A), we estimate the relationship without any controls 
and without sibling fixed effects. As can be seen, this produces an estimate that is very close 
to the corresponding estimate in table 3, indicating that the subsample of brothers is quite 
representative of a larger population. When applying sibling fixed effects (Model B), the 
estimate is reduced by a third to -17.5 percent. This is a large reduction compared to Model B 
in Table 3, where father’s earnings, father’s years of schooling and mother’s years of 
schooling were controlled for, suggesting that these measures are rather imperfect proxies of 
family background.  
  Including cognitive or noncognitive ability again substantially lowers the health penalty 
(Models C-E). In particular, after including noncognitive ability, estimates become very close 
to the ones obtained in Table 3, showing that unobserved characteristics at the family level are 
no longer important. Furthermore, including years of schooling (Model F) has little effect, 
again speaking against the possibility of schooling being an important mediator in the 
relationship between early health and later labor market success.  
  As before, adding occupation-specific effects has a limited effect on the bad health 
penalty; it is reduced to 13.1 percent without controls for cognitive ability, noncognitive 
ability and schooling, and to 7.7 percent when these controls are included. The main 
explanation for the health-income relationship is not that individuals in poor health work in 15 
 
other occupations than healthy people, but instead that individuals in poor health acquire less 
well-paid jobs within the same occupations.  
 
4.3 Global health - twins 
Our results for twins, using global health and no controls, are displayed in Table 5. We 
separately run the analysis on all twins, on DZ (dizygotic) twins only, and on MZ 
(monozygotic) twins only. While estimates based on these subsamples are uncertain due to 
the limited number of observations, a number of important results show up.  
First of all, the OLS regressions (Model A, C and E) indicate that these subsamples are 
representative of a larger population. Moreover, running specifications including twin-fixed 
effects (Model B, D and F), estimates are reduced in similar magnitudes as previously 
observed for siblings. This shows that non-twin siblings may be quite enough to draw relevant 
conclusions regarding the health-earnings relationship.  
  We have also run twin-fixed effects models including controls such as cognitive and 
noncognitive ability (not reported). The inclusion of these variables was again found to reduce 
the health penalty in a similar magnitude as what we found for the full sample and for 
siblings. However, the health penalty became insignificant at the 10 percent level in the 
specifications including both cognitive and noncognitive ability. Including cognitive but not 
noncognitive ability kept the health penalty significant among DZ twins, but not among MZ 
ones. These results imply that we cannot fully reject the possibility that health has no direct 
effect on earnings. However, as long as cognitive and noncognitive ability is affected by 





4.4 Classes of health conditions 
Regression results for specific classes of health diagnoses are shown in Table 6-7. In Table 7, 
sibling fixed effects are used. As before, the OLS regressions indicate that siblings are 
representative of the larger sample.  
  As can be seen, nearly all types of conditions are strongly statistically significantly 
associated with lower earnings, irrespective of the specification. Tumors and circulatory 
conditions are the exceptions, as these often turn out insignificant, although one may argue 
that the inability to obtain significant effects of tumors in particular might be due to the small 
number of observations; only 167 individuals in the sibling sample are diagnosed with a 
tumor. At the same time, the coefficient estimates that we obtain for these conditions, 
including the significant ones, are small in comparison to other coefficients, so there is little 
indication of important effects of tumors and circulatory conditions (at least heart conditions) 
on adult earnings. 
The inclusion of sibling fixed effects in general reduces the health penalties by between 
10 and 50 percent (Model B in Table 7 compared to Model A). Among the significant 
diagnoses, the exception to this pattern is respiratory conditions for which the estimate instead 
increases by about 10 percent, indicating that individuals with respiratory conditions on 
average come from advantaged family backgrounds. A similar conclusion can be drawn from 
Table 6, where the coefficient on respiratory conditions is the only to increase when controls 
for parental characteristics are added (Model B). 
In addition to specific classes of diagnoses, these tables report the effect of being 
diagnosed with any health condition. Without controls, being diagnosed with any condition is 
estimated to reduce earnings by about 12 percent. When including sibling fixed effects, this 
estimate is reduced to a negative of 7 percent, and controlling for cognitive and noncognitive 
ability further reduces it to a negative of 3 percent. Again, the health penalty is to the largest 17 
 
part driven by individuals in poor health acquiring less well-paid jobs within the same 
occupations compared to healthy people. This pattern also emerges for all classes of health 
conditions, and for all specific health diagnoses with significant effects (see below).  
Some classes of health conditions have very large effects. In particular, endocrine 
conditions, mental conditions and conditions of the nervous system have coefficients similar 
to or higher than the ones obtained for schooling, cognitive ability and noncognitive ability. 
We find that almost irrespective of the specification, mental disorders have the by far 
strongest impact on earnings of all classes of conditions. For example, according to Model B 
in Table 7, which controls for sibling fixed effects, individuals with mental conditions earn on 
average 24 percent less, and according to Model G which also includes occupation fixed 
effects, these individuals earn on average 17 percent less. Only in some of the models 
including noncognitive ability this pattern is broken and conditions of the nervous system 
have more severe effects. These models may be less meaningful, however, as our measure of 
noncognitive ability is likely to be quite strongly endogenous to mental illness.  
  Conditions of the nervous system stands out as the second most severe type of condition 
with a coefficient of -0.18 when sibling fixed effects are included (Model B in Table 7), -0.15 
when occupation fixed effects are added (Model G), and -0.11 when cognitive ability, 
noncognitive ability and schooling are also included (Model H). As number three, endocrine 
conditions turn up with coefficients between -0.14 when only sibling effects are included 
(Model B) and -0.045 when full controls are added (Model H). 
  Other classes of conditions have generally much smaller effects. For example, 
conditions of the sensory organs only have between one-fourth and one-fifth of the effect of 
mental conditions, depending on the specification. Injuries and congenital anomalies, which 
were for example examined by Currie et al. (2010), tend to have effects between one-third 
and one-half of the effect of mental conditions. Still, these conditions imply an eight percent 18 
 
earnings reduction in the model including sibling fixed effects (Model B in Table 7) and a 
four percent earnings reduction in the model including full controls (Model H in Table 7). 
 
4.5 Specific health diagnoses 
Table 8-9 show our results for the specific diagnoses that we have selected, where Table 9 is 
the one including sibling fixed effects. As before, schooling has little effect on the estimates 
and the health penalty is mostly a within-occupation effect. According to all models, 
alcoholism and drug dependence is the health problem producing the most severe effects. This 
condition has a penalty of more than 40 percent when no controls are included (Model A in 
Table 8 and 9). The penalty falls to 26 percent when controls for sibling fixed effects are 
included (Model B in Table 9), and further drops to 11 percent when full controls (ability, 
years of schooling and occupation fixed effects) are added. This effect is still twice as large as 
the effects of cognitive skill, noncognitive skill, or schooling (Model H).
10 
  Besides alcoholism and drug dependence, personality disorder and neurosis tend to have 
the largest coefficients. The negative effects of both these conditions amount to about 30 
percent without any controls (Model A in Table 8 and Model A in Table 9), 20 percent when 
sibling fixed effects have been included (Model B in Table 9) and fall to about 7 percent 
when controls for ability, schooling and occupation are also added (Model H in Table 9). It 
can be seen in Table 9 that the coefficient on personality disorder always reduces by a larger 
percentage than the coefficient of neurosis and the coefficient on alcoholism and drug 
dependence when controls are added, indicating that either confounding characteristics related 
                                                            
10 Given that alcoholism and drug dependence are conditions that are likely to develop quite late in adolescence 
when IQ and other personal characteristics have already stabilized, the argument for including controls such as 
cognitive and noncognitive ability is rather strong in this case. 19 
 
to personality disorders or indirect paths between personality disorders and earnings are 
comparatively important. 
  In addition to these mental diagnoses, diabetes and epilepsy are found to have negative 
effects on earnings. Both these amount to about 15 percent without controls and are almost 
unaffected with the inclusion of sibling fixed effects, suggesting that family-level skills are 
not importantly related to these conditions. On the other hand, the coefficient of diabetes is 
strongly reduced in magnitude by the inclusion of noncognitive ability and even becomes 
insignificant in most specifications including this variable, possibly indicating that diabetes 
has important adverse effects of noncognitive ability. 
  Regarding other conditions, that is, migraine, asthma, hay fever and vertebrogenic pain 
syndrome, everything except asthma is statistically significant in most of the pooled models, 
although with comparatively small coefficients. When including sibling fixed effects, all these 
coefficients approach zero and become insignificant in virtually all cases, which means that 
there is little evidence of a health penalty of any of these conditions. These insignificant 
results cannot be blamed on too little variation in the data, as the confidence intervals are all 
quite tight around zero. 
 
5. Conclusion 
Using a unique dataset covering almost the entire population of Swedish males born between 
1950 and 1970, this study establishes that health at the age of 18 is strongly related to labor 
market success in middle adulthood. Controlling for cognitive ability, noncognitive ability 
and unobserved characteristics at the family level lowers the estimates, but important effects 
remain. Compared to cognitive and noncognitive ability, the inclusion of schooling has less 
influence on the bad health penalty and we can conclude that neither occupational choice nor 
educational attainment acts as a main mediator in the health-earnings relationship. 20 
 
  In addition to siblings, we examined subsamples of twins in an attempt to additionally 
control for unobserved characteristics. While these estimates are more uncertain due to the 
limited number of observations, we can confirm that global health is negatively related to 
later earnings, at least in models without further controls. It is reassuring that the health 
penalty for global health is of about the same size in our models with twin-fixed effects as in 
our models with sibling fixed effects, since this lends credibility to our sibling-based 
estimates in general. 
  Due to data availability, previous research regarding the long-term effects of early 
health has in general only used unidimensional health measures such as birth weight or 
retrospectively self-reported global health. As a major contribution of this paper, we conduct 
an analysis of a large number of broad classes of health conditions, as well as specific 
diagnoses. This analysis shows us that while most classes of diseases seem to have important 
long-run effects, the strongest ones are detected for mental conditions, with rather similar 
effects of the particular diagnoses examined within this group: neurosis, personality disorder 
and alcoholism and drug dependence. Above all, our findings suggest that reducing the 
prevalence of these conditions should be expected to have substantially positive effects on 
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Table 1: Descriptive statistics for the full sample. 
NON-BINARY VARIABLES  MEAN (STD)  MISSING OBSERVATIONS     
(Log) earnings  12.39 (0.83)  -     
Global health  2.07 (3.71)  -     
Years of schooling  11.95 (2.24)  589     
Cognitive ability  0.00 (1.00)  25,948     
Noncognitive ability  0.00 (1.00)  17,730     
 
Parental characteristics: 








Father’s years of schooling  10.10 (2.37)  295,754     
Mother’s years of schooling  9.33 (2.44)  181,139     
BINARY VARIABLES  MEAN  INCIDENCE     
Any diagnose  0.507  359,691     
Tumors 0.001  424   
Endocrine 0.007  4,692   
Mental 0.026  18,512   
Nervous system  0.007 5,031   
Sensory organs  0.094  67,049     
Heart 0.013  9,098     
Other circulatory  0.004  2,896     
Respiratory 0.080  56,700     
Digestive 0.019  13,768     
Genito-urinary 0.010  7,110     
Skin 0.041  29,368     
Musculoskeletal 0.123  87,476     
Congenital anomalies  0.016  11,401     
Injuries and poisonings  0.049  34,612     
Diabetes 0.002  1,479     
Neurosis 0.028  19,972     
Personality disorder  0.008  5,712     
Alcoholism and drug dependence  0.005  3,273     
Epilepsy 0.004  2,497     
Migraine 0.009  6,605     
Asthma 0.027  19,404     
Hay fever  0.076  54,084     
Vertebrogenic pain syndrome  0.054  38,240     
Number of observations  710,018       26 
 
Table 2: Descriptive statistics for the siblings subsample. 
NON-BINARY VARIABLES  MEAN (STD)  MISSING OBSERVATIONS     
(Log) earnings  12.39 (0.81)  -     
Global health  2.03 (3.69)  -     
Years of schooling  11.82 (2.23)  255     
Cognitive ability  0.00 (0.98)  9,695     
Noncognitive ability  0.00 (0.99)  6,320     
 
Parental characteristics: 








Father’s years of schooling  9.93 (2.44)  107,987     
Mother’s years of schooling  9.73 (2.52)  55,443     
BINARY VARIABLES  MEAN  INCIDENCE     
Any diagnose  0.497  135,882     
Tumors 0.001  167   
Endocrine 0.006  1,659   
Mental 0.026  7,192   
Nervous system  0.007 1,864   
Sensory organs  0.099  27,041     
Heart 0.013  3,515     
Other circulatory  0.004  1,080     
Respiratory 0.071  19,291     
Digestive 0.020  5,363     
Genito-urinary 0.009  2,592    
Skin 0.040  11,019     
Musculoskeletal 0.123  33,529     
Congenital anomalies  0.015  4,176     
Injuries and poisonings  0.047  12,789     
Diabetes 0.002  526     
Neurosis 0.027  7,389     
Personality disorder  0.008  2,210     
Alcoholism and drug dependence  0.005  1,260     
Epilepsy 0.004  984     
Migraine 0.009  2,395     
Asthma 0.024  6,642     
Hay fever  0.066  17,958     
Vertebrogenic pain syndrome  0.056  15,285     




Table 3. The (bad) health penalty for Global health. Men born 1950-1970. Logarithm of annual earnings in 2003. Full sample.  





















































Father’s years of schooling  









(0.001)  -  -0.004*** 
(0.001) 
Mother’s years of schooling  












































































R2  0.01 0.04 0.06 0.06 0.07 0.07 0.21 0.22 
Number of observations  710,018 
Notes: Columns A through G report estimates from the (1) regression model: Log Earningsi = a + b*GHti + c*Xi + d*Fi + ei using the total population data. 
Model A only has GH and age fixed effects and is estimated using OLS. Model B adds the parental variables. Model C adds cognitive skill and Model D 
noncognitive skill, respectively, to Model B, while Model E adds both variables to Model B. Model F adds years of schooling while Model G adds occupation 









Table 4. The bad health penalty for Global health. Men born 1950-1970. Logarithm of annual earnings in 2003. Siblings.  


























































































Sibling  fixed  effects  No Yes Yes Yes Yes Yes Yes Yes 
R2  0.01 0.02 0.05 0.04 0.07 0.07 0.20 0.21 
No of observations  273,296 
Notes: Columns B through H report estimates from the (2) regression model: Log Earningsij = a + b*GHij + c*Xij + fj + eij using the sibling subsample. Model A 
contains GH and age fixed effects for the sibling sample and is estimated using OLS. Model B adds sibling fixed effects and is estimated using the xtreg 
command in Stata 11. Model C adds cognitive skill and Model D noncognitive skill, respectively, to Model B, while Model E adds both variables to Model B. 
Model F adds years of schooling to Model B, while Model G adds an occupation fixed effect. All regressions were run using robust standard errors. Fixed effects 














Table 5: The (bad) health penalty for Global health. Men born 1950-1970. Logarithm of annual earnings in 2003. Twins. 






















Type of twin   MZ+DZ+UK  MZ+DZ+UK  DZ  DZ  MZ  MZ 
Twin  fixed  effects  No Yes No Yes No Yes 
R2  0.01 0.01 0.01 0.01 0.05 0.02 
No of observations  6,867  3,185  2,316 












Table 6. The (bad) health penalty for Health diagnoses. Men born 1950-1970. Logarithm of annual earnings in 2003. Full sample.  


















































































































































































































































































































Father’s years of schooling  









(0.001)  -  -0.004*** 
(0.001) 31 
 
Mother’s years of schooling  












































































R2  0.01 0.03 0.06 0.06 0.07 0.07 0.20 0.22 
No of observations  710,018 
Notes: The parameter estimates for the X variables refer to the model when diagnoses are entered by type. All regressions were run in Stata 11 using robust 




















Table 7. The (bad) health penalty for Health diagnoses. Men born 1950-1970. Logarithm of annual earnings in 2003. Siblings.  


















































































































































































































































































































0.079***  - -  
0.054*** 33 
 






























Sibling  fixed  effects  No Yes Yes Yes Yes Yes Yes Yes 
R2  0.01 0.01 0.05 0.04 0.07 0.07 0.20 0.21 
No of observations  273,296 
Notes: The parameter estimates for the X variables refer to the model when diagnoses are entered by type. In Model B-H, sibling fixed effects are included. All 









Table 8. The (bad) health penalty for Health diagnoses. Men born 1950-1970. Logarithm of annual earnings in 2003. Full sample.  





































































































































































































Father’s years of schooling  









(0.001)  -  -0.004*** 
(0.001) 
Mother’s years of schooling  













































































R2  0.01 0.03 0.06 0.06 0.07 0.07 0.21 0.22 
No of observations  710,018 
Notes: The parameter estimates for the X variables refer to the model when diagnoses are entered by type. All regressions were run in Stata 11 using robust 
standard errors. Fixed effects for birth cohort were included. 
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Table 9. The (bad) health penalty for Health diagnoses. Men born 1950-1970. Logarithm of annual earnings in 2003. Siblings.  













































































































































































































































Sibling  fixed  effects  No Yes Yes Yes Yes Yes Yes Yes 
R2  0.01 0.01 0.05 0.04 0.07 0.07 0.20 0.21 
No of observations  273,296 
Notes: The parameter estimates for the X variables refer to the model when diagnoses are entered by type. In Model B-H, sibling fixed effects are included. All 
regressions were run in Stata 11 using robust standard errors. Fixed effects for birth cohort were included. 